(AWGN). Since the blur affects various regions of the image differently, the image has been divided into blocks according to an assigned level of activity. This is shown to result in more effective enhancement of the textured regions while suppressing the noise in smoother backgrounds.
Introduction:
The blurred image is modeled as an auto-regressive moving average (ARMA) process, where the auto-regressive (AR) part determines the image model coefficients and the moving average (MA) part determines the blur function of the system. In this letter, we develop an algorithm that performs simultaneous image restoration and blur identification using artificial neural networks (ANN). The ANN weights are updated by minimizing an extended cost function. Moreover, since we are dealing with space-variant blur, we have divided the image into blocks and categorized them according to the activity, ( ) 
Blocks are categorized as very high (VH) activity, high (H) activity, low (L) activity and very low (VL) activity. The noisy blurred images may thus be described by the following space variant state-space models: 
Structure of the network:
A 2-D, three-layer feed-forward ANN structure is given in Fig.   1 . The operation between the first layer 1 L and the second layer 2 L can be given as: 
A A x i j x i j = . The operation between layers 2 L and 3 L defines the space variant MA process and is given as for all , , , m n k l . The terms involved in hetero associative error are given below: 
1ˆ( ) { ( , ) ( , )} , ,
Learning algorithm: The weights of the ANN are updated using the steepest gradient algorithm as follows: 
The proposed algorithm was applied to the images 'peppers' and 'lena' given in Fig. 2 .
The original images were degraded by 5×5 space variant Gaussian blur, followed by a 30dB additive noise to form the degraded images in Fig. 3 . The restored images are shown in Fig. 4 . It is clear from Fig. 4 that the proposed algorithm is effective in restoring both images by providing clarity in the fine textured regions while suppressing the noise and ringing effects in the smooth backgrounds. The obtained ISNR values of 3.43 and 3.63 respectively, are higher than those produced by other image restoration algorithms reported by Yap [2] and Zhou [3] . The identified blur using the proposed algorithm resulted in NMSE values of 0.0399 and 0.0872 for the two images, which bear close resemblance to the Gaussian blur and are similar to the figure reported by Yap as shown in Table 1 . 
